Abstract-Several efforts have been carried out to enhance dexterous hand prosthesis control by impaired individuals. Choosing which voluntary signal to use for control purposes is a critical element to achieve this goal. This review presents and discusses the recent results achieved by using electromyographic signals, recorded either with surface (sEMG) or intramuscular (iEMG) electrodes, and electroneurographic (ENG) signals. The potential benefits and shortcomings of the different approaches are described with a particular attention to the definition of all the steps required to achieve an effective hand prosthesis control in the different cases. Finally, a possible roadmap in the field is also presented.
I. INTRODUCTION
T HE human hand is a very complex system, with a large number of degrees of freedom (DoFs), sensors embedded in its structure, actuators and tendons, and a complex hierarchical control [1] . Its loss causes severe physical and also mental illness. The inability to grasp and manipulate objects runs parallel with the inability to sense and explore the surrounding world as well as with the inability to use gestures to support speech and express emotions. Above all, psychological problems and burdens may arise due to amputees' physical differences compared with other people. The incidence of upper limb amputees in European States ranges from 50 to 270 per year [2] , [3] , with around 1900 traumatic upper limb amputees per year and a total of 94 000 upper limb amputees in the European community. The most common causes of upper limb amputation are trauma and cancer, followed by vascular complications of disease. Transradial level amputations account for 57% and transhumeral for 23% of all arm amputations, with the right arm being more frequently involved in work-related injuries. Congenital upper limb deficiency has an incidence of approximately 4.1 per 10 000 live births [4] . A current technological aid for upper limb amputation and deficiency is represented by the use of a hand prosthesis. These devices are of three types: 1) cosmetic; 2) body powered; and 3) myoelectric. Body-powered prostheses are controlled by amputee's body movements (e.g., shoulder shrugging) transferred through cable and/or harness systems to a terminal devices such as hand or hook. These devices, although characterized by reliability, durability, cost, weight, and tension feedback to the body, suffer from the need for (gross) body movements, energy expenditure, and less cosmetic appearance than a myoelectrical prostheses. Myoelectric hands leading industrial developers are Ottobock (Germany), LTI (USA), Motion Control (USA), RSL-Steeper (U.K.), and Touch Bionics (USA). Yet surveys [5] on the use of these artificial hands reveal that 30%-50% of amputees do not use their prosthetic hand regularly, basically due to its low functionality, poor cosmetic and unnatural appearance, lack of sensory feedback, and low controllability. This situation calls for the development of a versatile prosthetic limb with intuitive motor control and realistic sensory feedback that will allow amputees to perform tasks that are necessary for activities of daily living (ADLs). Intuitive prosthetic control may be developed by extracting the amputee's intention from signals recorded in a noninvasive and invasive ways from the peripheral nervous system. Electromyographic (EMG) signals, collected at the skin surface, have been used for the control of upper limb prosthetic devices since 1948 [6] , because they provide an easy and noninvasive access to physiological processes that cause the contraction of the muscles. At present, the process of EMG signals is the most common approach used for controlling active prosthetic hands [7] , [8] . On the other hand, invasive interfaces [9] with the peripheral nervous system (PNS) are another interesting way to create a bidirectional link between the user's nervous system and an artificial device. These interfaces can be used to induce activity in nerve fibers through electrical stimulation and to deliver information into the nervous system. Conversely, information from the nervous system could be retrieved by recording the electrical activity of the nerve (the electroneurographic (ENG) signal). Given a chronically stable device acting on an appropriate set of nerve fibers, such an interface could be used as part of a functional electrical stimulation (FES) system to restore function to paralyzed limbs [10] or in a brain-controlled robotic limb application [11] .
In all these applications, recorded raw EMG or ENG signals are amplified, filtered, and fed into a signal processing unit for the control of artificial limbs (e.g., hand prosthesis). Different approaches recorded for the control of neuroprostheses and hybrid bionic systems are briefly summarized in Table I. 1937-3333/$26.00 © 2010 IEEE The aim of this paper is to review the state of the art of artificial hand control on the basis of what neural/muscular structures are used (muscle signals for EMG, nerve signals for ENG). Moreover, this paper will attempt to define the potential benefits and shortcomings of these approaches. In the following sections, commercial systems and novel research approaches to control hand prostheses by means of noninvasive and invasive EMG and ENG electrodes are presented. Details will be given on how EMG and ENG signals are acquired and processed to decode motor commands. At the end of each section a brief discussion highlights the main merits and shortcomings of each approach, together with possible solutions to overcome these limits. Finally, a section has been devoted to the analysis of the approaches used to deliver sensor feedback to the amputees.
II. CLINICAL PROSTHETICS
From a clinical point of view, an improvement of short and long term outcomes and a reduction in device abandonment pass from important issues such as the selection of prosthetic components and the quantitative assessment of patients ability in prosthesis control. Prosthetics options related to the use of passive (cosmetic) or active (body-powered or externally powered) devices, socket fabrication and fitting procedures should be discussed during the initial patient assessment taking into account patient personal state and requirements (e.g., amputation level, remaining musculature of the arm, cognition, psychological factors, cosmetics, cost).
The continuum of prostheses ranges (see Table II ) from mostly passive or cosmetic types on one end to primarily functional types on the other. The purpose of most prostheses falls somewhere in the middle. Cosmetic prostheses can look extremely natural, but they often are more difficult to keep clean, can be expensive, and usually sacrifice some function for increased cosmetic appearance. Functional prostheses generally can be divided into the following two categories:
1) body-powered prostheses; 2) externally powered prostheses (switch-controlled and myoelectric prostheses).
Body-powered prostheses (cables) usually are of moderate cost and weight [21] , [22] . They are the most durable prostheses and have higher sensory feedback. However, a body-powered prosthesis is more often less cosmetically pleasing than a myoelectrically controlled type is, and it requires more gross limb movement.
The concept of powered prosthesis was proposed in Germany after World War I [23] , [24] . Prostheses powered by electric motors may provide more proximal function and greater grip strength, along with improved cosmesis, but they can be heavy and expensive. Patient-controlled batteries and motors are used to operate these prostheses. Currently available designs generally have less sensory feedback and require more maintenance than do body-powered prostheses. Externally powered prostheses require a control system. The two types of commonly available control systems are switch and myoelectric control.
Switch-controlled, externally powered prostheses utilize small switches, rather than muscle signals, to operate the electric motors. Typically, these switches are enclosed inside the socket or incorporated into the suspension harness of the prosthesis. A switch can be activated by the movement of a remnant digit or part of a bony prominence against the switch or by a pull on a suspension harness (similar to a movement a patient might make when operating a body-powered prosthesis). This can be a good option to provide control for external power when myoelectric control sites are not available or when the patient cannot master myoelectric control.
A myoelectrically controlled prosthesis uses muscle contractions as a signal to activate the prosthesis. It works by detecting electrical activity from select residual limb muscles, with surface electrodes used to control electric motors. Different types of myoelectric control systems exist.
1) The 2-site/2-function (dual-site) system has separate electrodes for paired prosthetic activity, such as flexion/extension or pronation/supination. This is more physiologic and easier to control. 2) When limited control sites (muscles) in a residual limb are available to control all of the desired features of the prosthesis, a 1-site/2-function (single-site) device may be used. This system uses one electrode to control both functions of a paired activity (for example, flexion and extension). The patient uses muscle contractions of different strengths to differentiate between flexion and extension. For instance, a strong contraction opens the device, and a weak contraction closes it. 3) When multiple powered components on a single prosthesis must be controlled, sequential or multistate controllers can be used, allowing the same electrode pair to control several functions (e.g., terminal device, elbow activation). This type of controller requires the control function of the electrodes to be switched from one function to the other. This is accomplished by a brief co-contraction of the muscle or by a switch used to cycle between control-mode functions. The first commercial myoelectric arm was developed in 1960 by the Central Prosthetic Research Institute of the USSR [25] . It had one DOF and a control principle (opening and closing based on the strong contraction of antagonistic muscles, respectively) that is still, today, state of the art. The most significant breakthrough over the past years is connected to technological (electronics) advances. Miniaturized multiple sensors for position and touch may be easily integrated in high density, thus allowing the embedded control circuit to gain information on the position of the robotic arm and its interaction with the object to grasp (e.g., grasp force, distance with respect to the object ). Then, certain pre-programmed grasps may be performed automatically (embedded approach). When the number of DOFs is limited, a control command is typically predicted as the onset of the muscle activity, and the amount of grip force and speed of the prosthetic device is estimated from the intensity of the EMG signal. To date, the two most distributed powered hand prostheses are those made by Otto Bock (Germany) and Touch Bionics (U.K.). The myoelectrical robotic arm by Otto Bock has implemented a three-finger grasping system. sEMG recorded typically with two electrodes from extension/flexion of the targeted muscle group are rectified, integrated, and compared with a (fixed) threshold. The on/off signals obtained are then used to control the opening and closing of the hand. The grasping speed and later the force are proportional to the force elicited by muscles (e.g., strength of the EMG). Otto Bock recently introduced an additional "security algorithm": once the object has been grasped with the maximal grasping force, to open the hand, the user is supposed to develop the sEMG signal with slightly superior power. This avoids the risk of opening the hand with involuntary muscular fluctuations. Touch Bionics has recently released i-LIMB Hand, a first-to-market prosthetic device with five individually powered digits. The i-LIMB Hand uses the same two sEMG electrodes, to open and close the hand fingers. Built-in sensors tell each individual finger when it has sufficient grip on an object and, therefore, when to stop powering. Individual fingers lock into position until the patient triggers an open signal through a simple muscle flex. I-LIMB offers six different grip-types, which are not controlled voluntarily but probably by means of an embedded smart controller, piloted by information from external sensors.
Another important point is the need for quantitative assessment of patients ability in prosthesis control (and in particular myoelectric control) [26] [26] it seems that "there is no single functional outcome measures accepted and used. This is basically due to the lack of a "good" measures that fit the goals of rehabilitation and the lack of clinician time to carry out detailed hand assessments even when good measures are available".
III. SURFACE EMG-BASED CONTROL OF HAND PROSTHESIS
EMG signals that are recorded using surface electrodes (sEMG) represent a noninvasive method to measure the electrical activity generated by active muscle fibers and detected over the skin surface. sEMG signals are easy to record and offer significant access to the user's neuromuscular system. They provide information to detect muscle activation intervals and to study neural control strategies and neuromuscular system properties [27] . sEMG are considered an important source of information in many research fields such as neurophysiology, clinical medicine, biomechanics, movement analysis, ergonomics, space and sport sciences, and prosthetics. In the recent past, several architectures have been developed and tested to control artificial prostheses aimed at substituting parts of the body (e.g., hands or upper extremities). It is important to point out that in order to implement an EMG-based algorithm, the control of artificial limbs is complicated owing to the need to code the different actions of the artificial devices. In fact, it is usually not possible to use the "homologous" muscles to control the movements of the prosthetic device, thus the development of a complex algorithm that exploits the potential of advanced pattern recognition techniques is required. In many cases, the formal scheme (see Fig. 1 ) for the acquisition and analysis of EMG signals for the control of prosthetic devices is composed of several modules [7] , [8] : 1) signal acquisition, conditioning, pre-processing, and data segmentation; 2) decoding (feature extraction and pattern recognition); and 3) online control.
A. Characteristics of sEMG Signals
The body's natural actions are controlled by neural signals going from the CNS to the PNS and conducted by the efferent nerve fibers to recruit different muscles. Each spinal motoneuron makes synaptic contacts with a number of skeletal muscle fibers, constituting a motor unit. The nervous system produces graded muscle contraction by increasing the number of motor units activated and by increasing the frequency of action potentials to each motor unit.
sEMG is a noninvasive technique for measuring the electrical potentials of active motor units (MUs) by means of electrodes placed over the skin overlying the muscle [27] . sEMG signal recorded is strongly influenced by physiological, anatomical and biochemical factors such as number of active motor units, fiber type composition of the muscle, diameter, depth and location of the active fibers, firing characteristics of the motor units [27] - [29] . On the other side, sEMG is also strongly influenced by the characteristic of the electrodes such as dimension, shape, materials, technology processes, distance between the electrode surfaces, location of the electrodes on the surface of the muscles [27] - [30] . The amplitude of sEMG without amplification ranges from 5 to 5 mV or 0 to 1.5 mV (rms) [30] - [32] . sEMG bandwidth ranged from 0 to 500 Hz with a mean spectrum frequency of , [33] , [34] . Electrical noise can affect sEMG signals degrading the signal-to-noise ratio (SNR). Noise can be due to different factors such as [32] , [33] : 1) noise in electronics equipment (detection and recording components, from 0 to several thousand of Hertz); 2) ambient noise (sources of electromagnetic radiation and in particular 50 (or 60) Hz radiation from power sources); 3) motion artifact (e.g., at the electrode interface and electrode cable, from 0 to 20 Hz); 4) instability of signal (e.g., firing rate of the motor units in the frequency region of 0 to 20 Hz); 5) crosstalk (contamination of the sEMG due to the activity of distant muscles).
Part of this noise can be eliminated or reduced by attending to the experimental setup used for sEMG signal acquisition, especially electrodes and hardware equipment.
B. Electrodes
An sEMG electrode can be defined, as reported by Merletti in a recent thorough review [29] "either as a sensor of the electrical activity of a muscle or as a transducer of the ionic current, flowing in the tissue, into the electronic current, flowing in the metal wires." Several physiological, anatomical, and technical factors affect sEMG [27] , [33] . Different types of electrodes have been developed and used to collect sEMG data. They can be distinguished [29] , [35] according to the different materials and technological processes used for their manufacturing (e.g., dry and wet electrodes or polarizable and nonpolarizable or single and multichannel).
Dry electrodes are in direct contact with the skin and they are made of noble metals (e.g. gold, platinum or silver), carbon electrodes, and sintered silver or silver chloride electrodes, whereas wet or floating electrodes are characterized by the presence of a layer of conductive gel, hydrogel or sponge saturated with an electrolyte solution as a chemical interface between the skin and the metallic part of the electrode. From an electrochemical point of view, nonpolarizable electrodes are not suitable to record sEMG (especially in dynamic muscle contractions) because of the risk of motion artifact. Usually, these electrodes are self-adhesive, in order to allow dynamic recordings and facilitate the donning and doffing phases. One of the most commonly used electrodes, especially in clinical applications, is the silver-silver chloride (Ag/AgCl) electrode [36] . This electrode, based on a silver metal surface with a thin layer of AcGl, is characterized by high stability and lower electric noise thanks to the junction with gel. Contact impedance may range from a few to a few , according to the electrode size and skin condition. The use of larger electrodes has an effect on the resulting (lower) impedance and noise [29] , [35] . sEMG signals can be acquired using different configurations [35] . The first possible configuration is the monopolar one. In this configuration one electrode is placed over the skin along the muscle and the sEMG signal is recorded with respect to a reference electrode located away on a neutral part of the skin. Other possible configurations are obtained starting from the monopolar. One of the most commonly used configurations is the single differential which records the difference between two electrodes placed at a fixed distance (interelectrode distance) along the muscle fiber direction, midway between the myotendinous junction and the nearest innervation zone (see Fig. 2 ) [29] , [33] . The use of other configurations significantly reduces or changes the amplitude and frequency content of the recorded signal (see Fig. 2 ).
The year 1996 marked the beginning of a process of standardization of the different methodologies used in various fields (e.g., neurology, rehabilitation, orthopaedics, sports, ). This process led to useful recommendations for sensors and sensor placement procedures, and signal processing methods for SEMG [37] . One of the typical limitations of standard sEMG recording techniques is spatial selectivity. For this reason, in the last decade, several groups have started investigating new approaches based on multichannel sEMG arrays [27] , [38] - [41] . Although these electrodes have been used to detect new muscle characteristics (i.e., location of the innervation zones, fiber length, muscle fiber conduction velocity, and the timing of action potentials for single MUs) [41] - [44] , thanks to the rich temporal and spatial information available from the array structure, these kinds of electrodes have also been used for the control of artificial devices [45] .
C. Acquisition Systems
Two essential characteristics of hardware equipment are that it must maximize the quality of the acquired sEMG signals in terms of SNR and must minimize possible distortion. sEMG signals are usually acquired by using an amplification chain made up of one or more low-noise, high-input impedance amplifiers, and filters. One of the most important blocks of this chain is the input stage of the amplification, usually consisting of an instrumentation amplifier. Typical values of commercially available equipment are: resistive component of the input impedance from 10 to 10 (at least 100 times greater than the largest expected electrode-skin impedance), input voltage noise between 1 and 60 nV Hz at 1 kHz, input current noise flowing in the electrode-skin impedance between 1 and 100 fA Hz at 1 kHz, and common mode rejection ratio (CMMR) between 90 and 120 dB [29] , [31] , [35] .
After the first stage of amplification, sEMG signals are filtered using hardware or software conditioning blocks. In both cases, typical values of the high pass filter cutoff frequencies are 10-20 Hz whereas low pass filter cutoff frequencies are 400-450 Hz [35] .
Finally, the analog-to-digital conversion of sEMG signals, performed by A/D converters (ADCs) is typically achieved by using sampling frequencies equal to 1024 or 2048 Hz (usually a multiple of 2 to make full use of the fast Fourier transform) and a number of bits equal to 12, 16 or 24 [29] .
D. Decoding of Motor Commands
Several decoding algorithms, made up of different blocks, have been developed in the last decades and can be roughly divided [8] into two approaches: 1) pattern recogniton based; 2) nonpattern recognition-based.
In the first case, several features extracted from different time segments of acquired sEMG are used as input to different classifiers for the recognition of muscle activation or for the prediction of different grasps. The output of classifiers may then be used by the controller of the artificial devices. In the second case, the nonpattern recognition-based approach, proportional or threshold algorithms, onset analysis, and finite state machines have been developed to create limited but simple and accurate methods to control artificial devices [8] .
In the following part of this section, the different blocks (e.g., segmentation, feature extraction techniques, classifiers, onset detection algorithms) will be described.
Segmentation: Due to the randomness of the signals and to the large number of inputs, sEMGs cannot be used as inputs for a classifier. For this reason, raw myoelectric signals have to be mapped into smaller dimension vectors: feature vectors. Classification performance strictly depends on the nature and type of the features selected and extracted, making this phase essential in a pattern recognition-based control of an artificial device.
Features can be extracted using a window of data (or segment), that can be selected according to [8] :
1) segment length and real time constraint; 2) state of data; 3) data windowing technique. A segment is a time slot for acquiring sEMG data considered for feature extraction. When choosing the segment length, a tradeoff needs to be made between short window length, due to real time constraint, and large window length in order to avoid classifier performance degradation attributable to the rise of the bias and variance of features as the segment length decreases [12] . sEMG data is characterized by two states: 1) a transient state featuring the transition from different voluntary contractions of the muscle (e.g., from rest to a task or switching from a task to another) and 2) a steady state where the muscle is constantly under contraction. Several studies have deeply examined the problem of a good data selection segment [12] , [46] - [49] . Features extracted during the transient state seem to allow good classification rates [46] even if the main drawback is that contractions should start at rest and this reduces the ability to quickly switch from one state (i.e., hand task) to another. Englehart in [47] analyzed the differences in the classification of transient and steady-state sEMG data over different segment length (from 32 to 256 ms). Steady-state data proved to be superior to the transient data, and classification performance degraded rapidly as the record length of the transient data decreased from 256 to 32 ms [47] . The largest segment data used in [47] is 256 ms considering a value of 300 ms as the longest acceptable delay in a prosthetic control system. Recently, Farrell and Weir-starting from the speed of various prosthetic devices-estimated ideal controller delay for the prosthesis controller to be 100-125 ms, even if values up to 175 ms can be acceptable [48] .
Data windowing technique deals with the development of a continuous classifier that is able to produce a series of decisions using a sliding window of sEMG activity instead of acting on a series of disjoint sEMG recordings. These techniques can be roughly divided in adjacent or disjoint windowing and overlapped windowing. Overlapped segmentation allows continuous classification of transient and steady-state sEMG data [12] . Moreover, in order to benefit from the increased amount of classified output and to improve classification accuracy, several post-processing techniques have been developed. One of the most commonly used techniques is majority-voting (MV) [12] , [49] . MV produces a smooth classification output, eliminating transient jumps between classes, and simply considers the class with the greatest number of occurrences in a number of predetermined samples (k). The value of k can be selected taking into account processing time, overlap used and acceptable delay.
Feature Extraction: A wide variety of features has been considered individually and in group [7] , [8] , [49] - [51] , representing both EMG amplitude and spectral content, and can be grouped into four categories as follows:
1) time domain (TD); 2) time-serial domain (TSD); 3) frequency or spectral domain (FD); 4) time-scale or time-frequency domain (TSCD or TFD). TD features, based on sEMG signal amplitude, are the first features [46] and the most popular thanks to the ease with which they can be calculated. Their direct extraction without the need for mathematical transformation makes these features the best choice from a computational load point of view, especially during real time applications. Typical TD features are the mean absolute value (MAV) [46] , [50] , [52] , integrated absolute value (IAV) [53] , variance (VAR) [52] , [54] , mean absolute value slope (MAVS) [46] , Willison amplitude (WAMP) [54] , zero crossing (ZC) [46] , slope sign changes (SSC) [55] , waveform length (WL) [55] , EMG histogram [50] . TSD features are autoregressive coefficients [53] , [56] - [58] and Cepstral coefficients (CC) [52] . FD features include power spectrum (PS) [49] , mean and median of signal frequencies (FMN, FMD) [49] , frequency ratio (FR) [7] whereas TSC features comprise a short-time Fourier transform (STFT), wavelet transform (WT) [47] , [51] , and a wavelet packet transform (WPT) [47] , [51] . Some of these features are summarized in Table III. In [50] , a comparison of eight single TD and FD features has been carried out taking into account quantitative properties such as maximum class separability, robustness, and computational complexity. Using a K-Nearest Neighborhood (KNN) classifier and a Davies-Bouldin index as a cluster separation measure, IAV was found to be the most efficient feature both with clean and noisy data. Boostani and Hassan Moradi [60] compared 19 EMG features from ten amputees using criteria similar to [50] . WT and CC were found to produce the best results. Recently, a comparison between the relative performance of various single features and feature sets (multifeatures) has been shown in [49] . The results obtained suggest the use of a TD multifeature set (i.e., MAV+WL+ZC+SSC) that outperformed other features, thanks to the relatively high rate of accuracy, stability against changes in segment length, low discrepancy over several sessions, and computational simplicity. WL seemed the best single feature in terms of high rate of accuracy and stability to changes in segmentation method. Finally, the stability of TD features during changes in the sEMG signals due to electrode location shift, variation in muscle contraction effort, and muscle fatigue has been investigated in [61] .
The reduction of the dimensionality of the feature set is often necessary for increasing classification performance. This process should preserve as much of the relevant information as possible while reducing the number of dimensions. Feature projection methods [i.e., Principal Component Analysis (PCA)] search the best subset of features combining the original features into a smaller set [12] , [47] . Alternative solutions can be based on the selection of a subset of features using simple criteria related to class separability and minimization of misclassification [62] .
Classification: Several pattern recognition algorithms have been used over the past decades to correctly classify desired motion patterns. Classification algorithms have to take into account the nature of the sEMG signals and their variations due to external factors such as fatigue, noise, changes in electrode position and impedance, real-time constraints, and possibility of online training.
Starting from one of the first works that made use of a multilayer perceptron (MLP) neural networks (NNs) [46] , [54] , [63] , various classifiers such as linear discriminant analysis (LDA) [12] , [47] , [64] , (neuro)fuzzy [52] , [62] , [65] - [67] , Gaussian mixture models (GMMs) [68] , [69] , hidden Markov models (HMMs) [66] , and support vector machines (SVMs) [49] , [70] , [71] have been employed (see Table IV for a summary of the different algorithms). Hudgins was one of the first pioneers of real-time pattern recognition base myoelectric control [46] . He recognized four types of muscular contraction using simple MLP NN and TD features. Electrodes were placed over biceps and triceps, with mean correct classification rates of 85.5% and 91.2%. A few years later, Graupe [57] showed that conventional pattern recognition techniques could be successfully used for classifying single-site sEMG signals and that the application of ANN could reduce the training time required to achieve high recognition rates. Subsequently, Englehart compared some feature sets and two classifiers (LDA and MLP), increasing the number of classes (from 4 to 6), the number of electrodes (from 2 to 4), and comparing three different data sets: transient, steady-state, and continuous [12] , [47] , [51] . In recent years, more sophisticated classifiers have been developed (e.g., GMMs, HMMs) with a tendency to increase the number of electrodes (up to 32 as in [54] ) and the number of wrist movements and/or grasping tasks (e.g., opening, cylindrical and lateral grasping) to be decoded. Very high recognition ratios ( 95%) have been obtained in studies frequently based on able bodied subjects and control of virtual hands.
Myoelectric control schemes (see Fig. 1 ), based on nonpattern recognition techniques, include proportional control, threshold control, onset analysis, and finite state machines (FSM) [8] . In proportional control, sEMG strength controls the speed or force [73] whereas threshold control and onset analysis can be used to detect the onset and offset of a muscle contraction and to define timing information that can be used to extract features [74] - [78] . Statistical methods generally perform better than their threshold-based counterparts, but incur a significantly larger computational burden, which could be not well suited for real-time processing. Staude tested and compared different onset detection methods [77] finding a generally better robustness in the statistically optimized algorithms, especially in the generalized likelihood ratio (GLR) based methods [62] , [76] , [79] . In FSM control the transitions between different but predefined output states (e.g., grasp types) are identified and detected using information coming from the sensory system of the artificial device and/or from the recognized commands from the sEMG signals [11] . Additional examples of FSM control strategies for the control of a multi-DoF hand prosthesis are reported in [80] .
E. Shared Control
Different control strategies, as shown in the previous section, have been developed to control multiple DOF prostheses. With this aim, the use of many input EMG channels has led to the need to improve decoding performance. Although very good results have been obtained in the discrimination of wrist motions and grasps, this kind of control requires a high level of concentration, with the risk of early fatigue, and less reliability and intuitiveness compared to commercially available systems (e.g., two-input EMG system to open and close, one or two DoFs). Over the last years/decades, shared-control algorithms have been developed with the aim to obtain more interactive control or more automatic control, thus, affecting and reducing the interaction and attention required by the subject to command the hand [80] . These algorithms may allow shared control modulation between the high-level controller (depending on the user's intentions) and the prosthesis-embedded low-level controller. The level of "shared-control" between the information extracted from sEMG signals and the prosthetic controller can be modified according to the performance of the prosthesis. This kind of control has been recently applied with interesting results (in terms of performance increase and effectiveness of the overall system) to the brain control of a wheelchair [81] , of a gripper mounted on a robot [82] , and, recently, of a multiple DoFs hand prosthesis [80] . Shared control allows interaction with the prosthesis and the development of different, more-balanced, and bioinspired grasping strategies [80] .
F. Targeted Muscle Reinnervation to Control Hand Prostheses
A surgical method to expand the possibility of myoelectric control is represented by the TMR. According to this revolutionary idea, residual nerves in the arm are surgically transferred to alternative residual muscles that are no longer biomechanically functional. After reinnervation, EMG from these muscles can be used to control an artificial device. Several papers have reported the results of TMR clinical studies in patients with transhumeral and shoulder-disarticulation amputations [15] , [16] , [45] , [72] , [83] , [84] . Pairs of EMG electrodes were mounted in the prosthetic socket and a threshold-based algorithm allowed a proportional control of hand open/close and elbow extension/ flexion. Moreover, a grid of monopolar surface EMG electrodes (up to 128 elements) was placed over the reinnervated target muscles and a pattern recognition based control (using single and multifeatures, LDA classifier) was able to recognize 16 intended arm, hand, and finger/thumb movements [45] .
The classification accuracy obtained was lower than with able bodied subjects [84] . Nevertheless, differences with subjects without amputations are significantly reduced if different performance indexes related to dynamic activities (e.g., motion completion time or rate [84] ) are used.
Several advantages such as the usability in subjects with high amputation level, a more natural control of the hand prosthesis, and the possibility of a natural sensory feedback makes TMR a promising technique to test several sEMG-based control strategies and control multi-DoF prostheses in real-life scenarios. Furthermore, the possibility of delivering a natural sensory feedback to the user has been proved [85] . This opens up very interesting possibilities for a more natural closed-loop control of the hand prosthesis.
G. Discussion
The concept of sEMG-based control of artificial devices was introduced many decades ago, in the 1940s [6] and first pattern recognition-based control schemes were developed in the late 1960s and early 1970s [86] , [87] . Nevertheless, the research, evolution and clinical use of sEMG to actively control prosthetic devices has dramatically increased in the last decades thanks to technological progress (e.g., development of new electrodes, hardware systems for sEMG signal acquisition, personal computers or embedded systems for off-line and real-time processing).
An sEMG-based control system has to satisfy three crucial conditions for it to be applicable to real-time decoding and clinical practice:
1) accuracy and robustness in extracting the user's intent; 2) direct mapping of the controls, so that the user requires minimal training to operate a multi-DoF prosthesis; 3) low response time to make delays in the control appear insignificant to the user (typically less than 100-300 ms). Many studies have been conducted only with able-bodied subjects in order to assess the feasibility and performance of pattern recognition algorithms using EMG signals from forearm muscles detected with bipolar electrodes (from 4 to 16) and various classifiers. Although the classification of 6 to 10 wrist and hand movements have been consistently achieved, to date, no studies have been carried out on the (long term) use in daily living life of these algorithms. Activity in the residual forearm muscles of amputees seems to be sufficient for a real-time wrist control but not for performing multiple hand grasp [72] . Moreover, in some cases, instead of controlling a real prosthesis, amputees interact with a virtual arm/hand/prosthesis on the screen of a PC. If accuracy and response time can be improved using more sophisticated algorithms and dedicated hardware (e.g., control algorithms integrated in embedded systems), extensive clinical study with transradial amputees is necessary to better understand the real applicability and limitations of these approaches.
In most recent years, various groups have started developing new control strategies that are able to mimic those adopted by the nervous system. Two invasive solutions, described in the following sections, are the targeted muscle reinnervation (TMR) [15] , [72] , [84] and the use of electrodes implanted in muscles or nerves [9] , [88] . Finally, a recent solution based on the natural muscular activities selected by the central nervous system [89] or on muscle synergies [90] , [91] has been proposed. In both cases, the use of the natural modulation of more proximal and residual distal muscles during reach-to-grasp tasks could represent an interesting solution for the control of hand prostheses.
IV. IMPLANTABLE EMG-BASED CONTROL OF HAND PROSTHESIS

A. Characteristics of iEMG Signals
Intramuscular electromyographic (iEMG) signals are detected by using needles, wires, or (more recently) by means A = amputee subjects, H = healthy subjects, LD = limb deficiency subjects of microtechnology based systems, inserted into the selected muscles. In [13] , the bandwidth reported ranged from 200 Hz to 5 kHz, the peak-to-peak amplitude of the action potentials of the detected motor units was 75 12 V (mean SD) and the root mean square of the noise was 1.6 0.4 V. With respect to the noninvasive techniques, intramuscular electromyography has high selectivity for individual motor unit action potentials (MUAPs) and is thus used to measure motor unit activity. Decomposition of intramuscular signals into individual motor unit action potentials consists of detection and classification, usually followed by separation of superimposed action potentials [92] . For confrontation purposes a very elegant model for emulation of EMG superficial and intramuscular data has been proposed [93] .
B. Electrodes
Some of the early studies [94] carried out with intramuscular EMG aimed at implementing direct control by means of implanted electrodes in the muscles. Studies on needle electrodes for iEMG recording were carried out in the 1970s by De Luca [95] , making it possible to record different MUAPs and to diminish discomfort in subjects (an important requirement, since the success of the iEMG recording depends on subject's concentration). The electrode was made with four shafted wires for monopolar and bipolar recordings. Today, this electrode is known as the quadrifiliar wire electrode. In [96] an effort was made to standardize the guidelines for manufacturing quadrifiliar wire electrodes (since they are generally "home made"), which are confirmed in multicenter clinical trials. Percutaneous solutions are usable only for short-term research trials and their chronic usability in clinical trials is limited. This issue has been recently addressed by two groups aiming at developing chronically usable iEMG electrodes. A promising approach for iEMG recording has been proposed in [13] . Farina and co-workers used a thin-film wire electrode system to record multichannel intramuscular EMG signals. The system was fabricated by using a micromachining process (hence permitting the repeatability of production), with a silicon wafer as production platform for polyimide-based electrodes. Advantages of thin-film technology with respect to needle electrodes are: stability of the recording, less discomfort for the subject, and absence of problems during strong contractions or movement.
Moreover, Implantable Myoelectric Sensors (IMESs) [14] represent novel, completely implantable, and very robust solutions. The IMES system offers a potentially robust, repeatable, and reliable [97] alternative to record EMG signals. In fact, the implants are permanently encapsulated in fibrous scar tissue within the muscle. This fibrous tissue does not impede signal transmission and increases the stability of the implants within the muscle. Each implant is a single-chip integrated silicon device mounted on a ceramic substrate along with a surface-mount power supply filter capacitor. This subassembly is sandwiched between two halves of a cylindrical magnetic core. Each IMES is approximately 2 mm in diameter and 15 mm long, with active electrodes on each end.
C. Acquisition Systems
Since only a few groups study robotic arm control by means of iEMGs, major research effort is devoted to developing advanced interfacing electrodes and to understanding the limits of decoding through this approach. The work on acquisition systems is generally the last step in the research loop. Neverthe-less, a very elegant, and highly functional system, tested over four months of animal testing, is described in [14] . A similar system [97] confirmed its stability in a two-year chronical study on monkeys. The IMES system is capable of measuring raw EMG at 8-bit resolution of up to 32 implants/sites at a sample rate of roughly 1000 samples/s/channel. Completely functional and in vivo and in vitro tested telemetry is implemented. EMG signals generated by the residual muscles at each implant site are amplified and digitized by the implants. Each implant is a single-chip integrated silicon device mounted on a ceramic substrate along with a surface-mount power supply filter capacitor. The completed IMES is attached to a carrier printed circuit board using silicone rubber ties. The telemetry controller passes data from the implants directly to the prosthesis controller. The prosthesis controller is where high-level decisions are made as to operation of the telemetry controller, where the reverse telemetry data are processed to determine user intent, and where the motor control signals originate to drive the appropriate components in the prosthesis. The external power coil, receiving antenna, telemetry controller, and prosthesis controller are all housed in the prosthetic socket used to mechanically interface the user to the prosthetic components. Implants are powered transcutaneously, via the external coil, with magnetic field. This powering magnetic field is modulated to send control signals to the addressable implants. The telemetry controller within the prosthesis orchestrate RF transmissions from each implant so that data from all implants may be sequentially collected by a receiver in the prosthesis. The telemetry controller demodulates the received signals and passes the multichannel EMG data to a prosthesis controller. The user's intention should be decoded within the prosthesis controller. This issue will be addressed in the next section.
D. Decoding Algorithms and Performance
Generally, the iEMG signal is used for clinical studies (e.g., neuromuscular disorders). Therefore, data analysis is often taken from these applications. Since the MUAPs are short events and have a characteristic shape, which is affected by the distance between the electrode and the MU generating it, it is natural that the major part of signal processing paradigms is based on "shape-recognition" wavelet analysis. Furthermore, since there is general overlapping of different MU areas within the same recording site, the most natural and most used second step to be taken is ICA or PCA analysis. Finally, similar as in sEMG analysis, some classifier is used. In [98] , the authors investigated the capacity of selective single-channel iEMG recordings to represent the grasping force with respect to the use of sEMG. The goal was to assess whether iEMG can be effectively used to proportionally control hand prostheses. This study investigated whether power grip force was better described by a global measure of intensity (sEMG) or by a local muscle area (iEMG), using linear correlation coefficients as measure. The results showed that the two approaches are comparable and that iEMG can be used to control hand prostheses, in the same way as sEMG. This is a very important issue for justifying the invasiveness of this approach. A comparative analysis between sEMG and iEMG is performed in [99] . Pattern recognition-based myoelectric controllers were applied, which use information extracted from sEMG to the same controllers which use information extracted from fine-wire iEMG. In making this comparison, six different state-of-the-art pattern recognition-based myoelectric control approaches were investigated. The results suggest that information extracted from either surface or intramuscular EMG inputs yield excellent classification accuracy; however, there was no significant difference in classification accuracy for any of the six control schemes investigated for this particular experiment. Both recording techniques yielded classification accuracies between 95% and 99%. One of the main problems related to iEMG recordings is the need for additional procedures during the implantation such as ultrasound guidance. Thus, it is important to understand whether a very precise position of the electrode is essential to obtain good classification performance. In [100] , dedicated decoding experiments (for up to 12 different grasp types) were carried out to analyze this issue for a targeted versus a nontargeted implant of electrodes. The results, obtained in healthy subjects, suggested that there is no difference in classification performance both for sEMG and iEMG with targeted and nontargeted placement if a sufficiently large feature set is used. A recent study [97] analyzed the ability of chronic decoding of single finger movements in monkeys when using the IMES sensors. Offline parallel linear discriminant analysis (LDA) was performed to decode finger activity based on features [12] extracted from continuously presented frames of recorded EMG. The most interesting aspect of this study is that offline parallel LDA was run on intraday sessions as well as on sessions where the algorithm was trained on one day and tested on following days. The performance of the algorithm was evaluated continuously by comparing classification output by the algorithm to the current state of the finger switches. The algorithm detected and classified seven different finger movements, including individual and combined finger flexions, and a no-movement state with chance performance . When the algorithm was trained and tested on data collected during the same day, the average performance was 43.8% . When the training-testing separation period was five months, the average performance of the algorithm was 46.5%
. Nevertheless, the decoding performance for the single fingers was reasonably high, considering that the classifiers were tested several months after their training.
E. Discussion
An invasive EMG system is not affected by crosstalk, typical of sEMG, and provides more stable and independent control sites. Moreover, the problems related to sEMG recording (displacement of electrodes resulting in the need to retrain the system) would be overcome by using implanted electrodes. However, intramuscular recordings provide more local information due to their high selectivity and may thus be less representative of the global muscle activity with respect to sEMG. Although very promising classification results have been achieved, more extensive experiments (e.g., less grips, executed in free 3-D space, by amputees and normal bodied, and under nonisometric conditions ) are necessary to clearly identify the potential benefits and shortcomings of this approach (compared to sEMG). Particularly interesting is the Fig. 3 . Schematic representation of hand prosthesis control paradigm using implantable devices (modified from [88] ). study presented in [97] , where the percentage of classification of seven finger movements is evaluated when the classifier is trained on day one and tested days and months after. Movement percentages were around 45%, yet the study provides several very important hints for future works. It shows that single fingers can be decoded well, that there is no crosstalk between different IMES recordings and that the most limiting issue is the decoding of thumb movements for several reasons. Future studies with amputees are also necessary in order to determine the impact of residual muscle structural changes on the quality of iEMG signals and to understand the level of iEMG repeatability that can be obtained.
V. ENG-BASED CONTROL OF HAND PROSTHESES
The principle underlying the use of neural signals for the control of artificial limbs is that, despite nervous reorganization following upper limb amputation, original neural pathways are still preserved and they can be exploited for interfacing prostheses. The movement-related activity in M1 and S1 cortical areas controlling the hand and finger may still be found even years after amputation [101] , [102] . The fact that amputation does not eliminate the peripheral nerve connections or their CNS relay makes them excellent candidates for reestablishing an almost physiological control of an artificial prosthesis via a bidirectional intraneural electrode implant into the stump nerves [103] . Thus, the intent to move the amputated limb is still projected from the subject's brain to the peripheral nerves, although the movement cannot be executed. The neural signals projecting to the nerves above the amputation can be recorded and translated into a command signal for controlling an artificial limb (see Fig. 3 ).
Invasive recordings from nerves result in the detection of spike trains either from efferent and afferent nerve fibers. Contrary to noninvasive approaches, these recordings provide the direct measure of the neural drive to the muscles.
A. Characteristics of ENG Signals
The majority of somatic peripheral nerves are mixed nerves, providing motor, sensory, and autonomic innervations to the corresponding projection territory. Afferent sensory fibers convey a variety of sensory inputs, mainly mechanical, thermal and noxious stimuli; they can be unmyelinated or myelinated and terminate at the periphery either as free endings or in specialized receptors in the skin, muscles and deep tissues. Efferent motor fibers originate from motoneurons in the spinal cord anterior horn and end in neuromuscular junctions in skeletal muscles. Signals are transmitted by the corresponding axons in series of action potentials, with intensity of the signal mainly coded in impulse frequency along the peripheral axon. Most peripheral nerve interfaces use an electrical coupling method to detect the electrical activity of the nerve fibers and/or to induce their excitation. Peripheral nerves are organized somatotopically and functionally at the fascicular level. Nerve fibers are grouped in fascicles that eventually give origin to branches that innervate distinct targets [104] . Fascicular groups destined to the same target remain localized within the nerve for some long distances, thus facilitating the selective interface of different fascicles within a given common nerve [105] . Therefore, detection above background noise is easier for impulses propagated in large alpha motor and mechanoreceptive sensory fibers than in small sensory and sympathetic fibers. Ideal electrodes would be able to record unitary activity and selectively differentiate units by fiber size established on conduction velocity measurements. In this respect, intraneural electrodes have higher recording selectivity and better SNR and are able to stimulate axons with stimulus intensity considerably lower than with extraneural electrodes, since they are in closer contact with the axons and less affected by the insulating properties of perineurial and epineurial layers [106] , [107] . The major studies on intraneural (intrafascicular) recordings are based upon the results gained from afferent activity recording, triggered either by distal electrical stimulation or by stimuli (generally touch and flexion) application on the animal limbs. In [108] , the signal properties were characterized on the basis of the studies carried out on six cats implanted with longitudinally implanted intrafascicular electrodes (LIFEs). Neural recordings from LIFEs are multiunit in nature. These units appear as spikes with peak-to-peak amplitudes of about 20 V. Frequency domain analysis shows that neural signals have a power spectrum lying between 500 Hz and 7 kHz, peaking at about 2 kHz. There are only new studies that focus on the efferent signal properties from human amputees [19] , [109] . As reported in these studies, the signal obtained is very weak and prone to different noise sources (mainly due to the EMG). In an intraoperative study [19] , six intrafascicular electrodes were inserted into the ulnar, radial, and median nerves in the stump of an amputee. The signal amplitude from the radial nerve was 5.5 V 0.8, which was greater than the amplitudes from the ulnar 2.5 V 0.4 and median 2.2 V 0.3 nerves. In [109] , the values in peak-to-peak were closer to 20 V, as reported in the above animal studies.
B. Electrodes
Electrodes acting as interfaces with the peripheral nerves may be used for stimulating sensory nerve fibers and for recording neural impulses, allowing a bidirectional interface with the nervous system. A bidirectional interface for hand prosthesis control in amputees should allow on the one hand, recording of neural efferent signals that can be used for controlling mechanical prosthesis motion [110] , and on the other, providing sensory feedback from tactile and force sensors to the user through stimulation of afferent nerve fibers within the residual limb [111] . The action potentials detected by the extracellular electrodes are several orders of magnitude lower than the transmembrane potential and depend on several factors, among them, on the relative distance of the electrode from the active fiber and on the physical size of the detecting electrode [112] , [113] . Since the conductivity of the electrode is orders of magnitude greater than that of the extracellular medium, an electrode acts as an isopotential boundary within the medium, averaging the extracellular action potentials of the fibers in its vicinity. Thus, the physical area of the electrode is directly associated to its selectivity. The second essential factor is the distance between electrode and the cells [114] , since the neural signal recorded decays approximately with the square of distance between the active cells and recording sites. Most nerve electrodes are implanted close to, around, or even within a peripheral nerve trunk. Thus, recording selectivity and stimulation capability are enhanced but with the tradeoff of increased invasiveness (see Fig. 4 ). Although this coupling method is characterized by a certain level of invasiveness with the biological system, recent research in neuroprosthetics has devoted considerable attention to the development and test of interfaces able to reduce nerve damage [115] - [117] and to allow access to electrical activity or graded stimulation of selective groups of axons [9] .
Among the electrodes (see Fig. 4 ) employed in current research activities on the bidirectional control of artificial limbs, the most used are: cuff, FINE and intrafascicular electrodes; although, the first two are more commonly used in FES systems.
C. Extraneural Electrodes
Cuff electrodes are composed of an insulating tubular sheath that completely encircles the nerve and contains two or more electrode contacts exposed at their inner surface that are connected to insulated lead wires. They have been fabricated in several configurations, the most common being split-cylinder and spiral cuffs [119] . Cuffs are the most widely used peripheral nervous interface in research and clinical applications. One design variation of the cuff electrode is the "flat interface nerve electrode" (FINE) developed by Durand and coworkers [120] . The FINE is an extraneural electrode designed to reshape peripheral nerves into a favorable geometry for selective stimulation and for recording. By flattening the nerve into a more elliptical shape, fascicles become more accessible and central fibers are moved closer to the stimulating electrode in comparison with cylindrical cuffs. The surface area of the nerve is also enlarged, therefore increasing the interface surface and allowing more contacts to be placed around the nerve. Recently, the use of cuff spiral electrodes in chronical neuroprosthetic applications for upper [121] and lower [122] extremities has proven to be very promising.
D. Intrafascicular Electrodes
Electrodes placed inside a peripheral nerve have been developed [106] , [107] in order to allow enhanced selectivity with respect to extraneural electrodes and also to increase the SNR of recordings. Intrafascicular electrodes are placed within the nerve and are in direct contact with the tissue they are intended to activate or record from. Stimulation through them specifically activates the nerve fascicle in which they are implanted with little crosstalk to adjacent fascicles. Longitudinally implanted intrafascicular electrodes (LIFEs) offer a way to interface a restricted subsets of axons within fasciculated peripheral nerves. Single-channel intrafascicular electrodes started the LIFE studies and were useful in initial experiments that led to multichannel electrode applications. Flexible polymer filaments are preferred to metal wires because the stiffness of the latter presumably leads to motion of the electrode that elicits gradual decrease in the recorded amplitude of axon potentials. LIFEs have been implanted in severed nerves proximally to the stump of eight subjects with limb amputation [109] . Electrophysiological tests conducted for two consecutive days after the surgery indicated that it was possible to record volitional motor nerve activity associated with missing limb movements. Electrical stimulation through the implanted electrodes elicited graded sensations of touch, joint movement, and position, referring to the missing limb. This suggested that peripheral nerve interfaces could be used to provide amputees with prosthetic limbs that have a more natural feel and control compared to current myoelectric and body-powered prostheses. Regarding electrodes, the main problem is that the implantation procedure is blind, consequently, the SNR obtained from the recordings is stochastic. An innovative technological solution to overcome this issue is the use of actuated electrodes as proposed in [123] , [124] .
E. Acquisition and Stimulation Systems
Since the signals recorded by means of neural electrodes are very weak and prone to noise (e.g., EMG, thermal, capacitive couplings ), the acquisition circuit should be as close as possible to the electrode and should be optimized with respect to the input noise/power consumption tradeoff. It also needs to respect different biocompatibility constraints in order to be implantable. Since (in case of intrafascicular electrode signals) the aim is to detect and transmit the spiking data, as well to carry out electrical stimulation (analog to microstimulation in CNS), the circuit architectures proposed are similar to those proposed in works pertaining to CNS implantable systems [125] . The main difference is the presence of strong EMG couplings, together with the fact that PNS data flow should be reduced (e.g., arrays with more than 100 electrodes used for the CNS are currently not available for the PNS). EMG couplings can be approached digitally (e.g., filtering), or, with passive networks, as in [126] . Schematically, the integrated circuits proposed in literature are composed of: multichannel low-noise, low-power amplifiers (excellent examples have been developed for CNS [127] , and PNS recordings [128] ) connected to lowpower multiplexers [129] , with digitalized output by means of ADC. Finally, either the raw data are directly wireless-transmitted [130] , or basic data processing is performed [131] (e.g., spike sorting) that permits less data flow for the telemetric interface (e.g., just spike times). The stimulation circuit is also important to obtain a bidirectional control of the robotic arm. It is supposed to transmit in a reliable (charge balance is important to prevent nerve injury) and repetitive way different waveforms enabling stimulation of different axonal subpopulations. A promising solution is proposed in [132] . An advantage of silicon-based microdevices is the ability to monolithically integrate electronic circuits for recording and signal processing. The passivation and packaging of silicon-based devices should be carefully considered to ensure long-term stable behavior of electrodes with integrated electronic devices. Implantable systems for PNS and spinal cord stimulators are generally within the silicon rubber, where different constraints have to be respected [133] , [134] . If parts of standard electronic processes were to be directly transferred for implant passivation, degradation during implantation would deteriorate not only the insulation layer but also the functional integrated structures within 1 year [135] . Despite the amount of research carried out in this field, to date there are no fully integrated and implantable acquisition/stimulating systems for PNS (such as those available for CNS) which are able to answer basic research questions that are still open, such as the decoding of information carried by nerves.
F. Decoding Algorithms
Decoding algorithms represent the critical point of ENG-based hand prosthesis control. In the field of extraneural electrodes, algorithms have been generally developed to decode ENG signals for the closed-loop control of FES systems. Nonetheless, these findings can provide an insight into the information that can be decoded from these signals and hints about the algorithms to use. The main problem and the reason for the development of ENG algorithms with afferent signals is the difficulty to obtain voluntary efferent ENG activity (most of the experiments are carried out in anesthetized animals). For cuff electrodes, higher order statistics algorithms have been developed for switching off/on the stimulation [136] or the continuous decoding of afferent signals by means of power-based features and support vector machine classifiers [137] . In the case of FINE electrodes two interesting approaches have been proposed, which could be used in closed-loop prosthetic devices. They exploit blind source separation [138] and beamforming algorithms [139] for signal separation, but, unlike the above cuff electrodes ENG decoding, the algorithms are based on simulated data. Intrafascicular electrodes have been used to develop and test algorithms for the neurocontrol of hand prostheses in amputees [17] - [19] , [109] , [118] , [140] . Decoding algorithms developed for this purpose (see Fig. 5 ) are developed in three steps: firstly the ENG signals are denoised, then spike sorting is performed and finally sorted spike templates are used to classify the amputee's intention.
The approach used to denoise the signals is based on a work in the field of microneurography [142] . It uses wavelet-denoise techniques to eliminate the noise from ENG signals, leaving just the informative, spiking activity. This idea was enhanced in a work on the decoding of afferent rabbit signals [141] , as for the use in natural sensors applications. After denoising, spike sorting is performed and, finally, SVM classification is conducted based on different spike template frequency. Spike identification is performed with the goal of increasing the performance of the approach and making it also more similar to the natural situation [141] .
In fact, the shape of the spike, as recorded by an extracellular electrode, is determined, for example, by: 1) distance between the fiber and the electrode (the tissue in between acts as a low-pass filter: the longer the distance, the smoother, smaller, and longer the spike shape); 2) relative orientation of the nodes of Ranvier in the nerve fiber; 3) inhomogeneity of the intrafascicular space. Thus, the signals related to different nerve fibers can be identified and extracted on the basis of the shape recorded from a multiunit recording. Since different nerve fibres carry different information (e.g., which motor units to activate to perform a given grasp), spike sorting can be used to infer the grasp selected by the user. Finally, the same algorithm, with small modifications, has been exploited in amputees trials [118] , [140] , showing for the first time the possibility to decode specific grip types and also finger movements. In a study regarding afferent neural activity decoding [143] , the multiscale continuous wavelet transform was exploited outperforming the simple amplitude thresholding method, especially in low SNR cases, typical in real ENG recording systems. Interestingly, all above decoding studies showed: 1) that spike denoising and recognition algorithms outperform classical amplitude thresholding and Rectified Integral Bin studies; 2) enhancement in performance when using several independent channels on LIFEs. The basic drawback of this denoising and decoding solution is the high computational burden which becomes a critical factor when aiming to develop a real-time controller. Other algorithms for spike sorting can also be applied as done for CNS intracortical signals [144] , [145] . However, it is important to point out that intracortical signals have much higher absolute values, while in PNS signals the spikes are more difficult to observe and generally have lower SNR.
G. Discussion
After several decades of research efforts to develop highly sophisticated hand prosthesis controlled by processing EMG signals, in very recent times, an interesting alternative has been found in PNS neural interfaces. Their pros, compared to "classical" EMG based paradigms, are several.
1) In high amputees (or muscle degenerative diseases) the number of muscles at disposal, or the quality of the signal that can be obtained, for controlling purposes can be too low. Yet neural signals conveying information even to lacking muscles should be present. 2) Several studies [146] have shown the importance of feedback for a more robust control of prosthetic devices. The peripheral neural interfaces represent the confirmed and most natural choice for delivering feedback, as shown in [17] , [18] , and [140] .
3) The feasibility of this signal for proportional and different grip state control has been shown in preliminary studies [17] , [140] . Their greatest drawback is the invasiveness of the implantation procedure, which is directly linked to a second issue: the current lack of long-term chronical studies. If the results from these studies confirm good performance of this approach, these implants could enter clinical practice in the future, as in the case of cochlear implants, pacemakers and bladder stimulators.
VI. SENSORY FEEDBACK TO CONTROL HAND PROSTHESES
Various studies have shown the great importance of delivering feedback to the user to achieve an effective control of the prosthesis [146] , [147] . In this section, the possible approaches to achieve this goal are described and analyzed.
A. Sensory Feedback in Clinical/Commercial Systems
In clinical applications the feedback is achieved in a quite simple way. In body-powered applications the feedback is simply delivered by means of the sensation elicited by the prosthesis movement on the rest on the amputee arm (or on the shoulder pressure, if it is included into the movement generation). Body-powered prostheses (cables) usually have higher sensory feedback, with respect to other clinical solutions. Currently available externally powered prostheses generally [18] , multisubject study touch and proprioceptive sensation were elicited. As in (a), touch is modulated linearly with respect to log of frequency, when using psychometric sensory magnitude rating (reproduced with permission from [18] ).
have less sensory feedback and require more maintenance than body-powered prostheses. In present commercial solutions, there is no dedicated device to deliver sensory feedback.
B. Sensory Feedback in EMG-Based Systems
One of the main problems of current myoelectric hand prostheses is the lack of sensory feedback. Amputees depend almost entirely on vision for positioning the limb and grasping objects. As a consequence, reaching and grasping tasks demand more and continuous attention, often leading to fatigue, frustration, and dismissal of the prosthesis [146] . Several techniques have been developed in order to provide noninvasive tactile or proprioceptive information to the amputees [148] . Electrical [149] - [151] and mechanical skin stimulation [80] , [152] , [153] are two of the most commonly used techniques for tactile feedback. They are based on the mapping of information coming from the sensors embedded in the prosthesis onto mechanical or electrical stimuli delivered to the subject's skin. Less work has focused on haptic proprioceptive feedback for prostheses. The delays associated with the feedback (50-250 ms, depending on the modality [154] ) indicate that it is difficult to enclose this in real-time control. Nevertheless, the addition of proprioceptive feedback creates a closed-loop system that may make the prosthesis a more intuitive extension of the user [155] . The use of such feedback techniques usually presents several drawbacks such as need for long training, sensory adaptation, low resolution, interference, and unpleasant sensations [148] . For this reason, there is no clear clinical evidence in literature that this kind of feedback can really provide benefits or advancement in the control of myoelectric prostheses. Nevertheless, both mechanical or electrical stimulation can increase both users' acceptance of the prosthetic hand and their ability to control it [80] , [156] - [159] .
TMR also allows the transfer of sensations (e.g., perception of the missing hand) by means of mechanical or electrical stimulation of the reinnervated chest [160] . It is worth noting that in this case a natural sensation can be delivered.
C. Sensory Feedback in ENG-Based Systems
Several studies [146] , [147] have shown the importance of feedback providing more robust control of prosthetic devices. Peripheral neural interfaces have been shown to be an effective and natural approach to deliver sensory feedback in [17] , [109] , and [140] .
In [18] , the authors enrolled eight amputees, and all of them reported either tactile or proprioceptive sensations from one or more electrodes (wire electrodes were used in this study). In half of the subjects, both types of sensations could be elicited (through different electrodes). Electrical stimulation usually resulted in unimodal (i.e., touch, movement, or static joint position) sensations that showed stable topography. In all cases, the sensations were in the fascicular projection territories of the implanted nerve, suggesting a stable electrode position, and stimulated a small cluster of neurons. The same finding, regarding stable positioning versus fascicular territories, is confirmed in a single-case study [140] , performed with multi-polar tfLIFEs (see Fig. 6(a) upper panel) . In 20% of the cases [18] , sensations were confused as to being either movement or pressure, vibration in a digit, and a mixture of tugging and movement localized to the palm or the fingers. The majority (70%) of the cases resulted in stable sensations of touch/pressure or joint position/movement sense that were localized to the digits. In general, sensations were discrete, unimodal, repeatable, and could be painlessly elicited over the duration of the study. With increasing stimulus current, sensations of touch/pressure usually spread from distal (digit tip) to proximal locations. By modulating stimulus frequency, the magnitude estimation, but not the modality or the topography, of referred sensations of touch/pressure or proprioception could be varied systematically: a logarithmic regression gave the best fit for the ratings of magnitude of sensation (psychometric sensory magnitude rating) versus frequency of nerve stimulation (see Fig. 6(b) upper panel) . Similar results are also reported in [140] , where a psychometric sensory magnitude rating was used (see Fig. 6(a), bottom panel) . However, indicating perceived finger position by matching it with the contralateral finger produced a more linear relationship between both stimulus amplitude and frequency and reported phantom finger position (see Fig. 6(b), bottom panel) . The resting position of a given phantom digit was consistently reported in full extension by the amputees. At the upper limit of stimulus frequency, the terminal aspect of the finger would appear to dig into the palm, explained by the amputees as a clenched fist but involving only one digit. At the end of the impulse train, the digit would be perceived as having returned back into its original position (full extension). The authors reported that, in general, the higher the stimulus amplitude the lower the frequency required to produce the sensation of flexion to a given position.
The presence of a statistically significant increase in both the threshold and the upper limit for eliciting painless and unitary sensations of touch/pressure or joint movement is a critical aspect. Very similar results have been observed in [140] , where, after 10 days, it was impossible (owing to the limited charge injectable through the multipolar LIFE electrodes used) to elicit any sensations. This could be due to the encapsulation answer from tissue, which increases electrode impedance over time.
The two studies at issue, however, were relatively short; instead, in chronical stimulation studies with cuff electrodes [121] the changes in stimulation threshold currents were reported for the first 20 weeks after the implant, with values subsequently returning close to those found in acute conditions.
VII. GENERAL DISCUSSION AND CONCLUSION
EMG signals and more recently ENG signals have been used to develop more effective ways to control hand prostheses (see Fig. 7) .
Processing sEMG signals to control hand prosthesis is a potentially interesting approach (achieving over 90% classification performance for several degrees of freedom as shown for example by Englehart and co-workers) but clinical applicability is currently still limited. To address this issue, several research groups are now working on implantable solutions (iEMG or ENG signals) or on "hybrid" solutions (TMR where sEMG signals are recorded and processed but after a surgical intervention). TMR is a very interesting approach; it is the most advanced clinical solution currently available and has the interesting advantage that the nerve function correlates physiologically to the function it is controlling in the prosthesis. Therefore, operation is more natural and thus easier than with other EMG-controlled devices. However, it presents two possible main drawbacks. 1) Although it requires a surgical intervention it also needs to use a grid of surface electrodes. As a result, invasivenessrelated problems are not totally balanced by significant advantages in terms of usability and cosmetic appearance. 2) Because of the intrinsic characteristics of the surgical procedure it could be more effective for more proximal amputation levels (i.e., close to the axilla) which are less common than transradial amputations This second issue must be investigated in order to completely characterize the potentials and shortcomings of this approach and its clinical applicability in different clinical situations. More specific surgical procedures should be developed to address the different neuroanatomical situation.
Focusing on implantable solutions, either iEMG and ENG signals can probably provide interesting performance for the decoding of motor commands, while PNS neural interfaces could have the advantage of providing natural (i.e., by using the existing neural "pathways") sensory feedback. Moreover, a very recent study [161] has pointed out the inherent limitations of the surface myoelectric signal, such as the lack of recording sites in high-level amputations, and the sensitivity to placement and impedance effects, and has proposed the ENG-based approach as future direction in this field.
When comparing iEMG and ENG signals as sources for artificial robotic hand prosthesis control, various assumptions (to be experimentally verified in the future) can be made.
1) The number of muscles-especially in case of severe amputations or extensive degeneration of the muscles-that can be used for EMG recording are lower, yet this does not reduce (to a certain extent) the possibility of signals recording. 2) In case of iEMG at least one electrode for each muscle must be implanted. This could not be necessary for PNS invasive electrodes which could record activities related to the control of different muscles from the same nerve. Moreover, it is also possible that a decoding based on ENG signal processing could be more robust than an EMG-based one with respect to 3-D spatial changes of the arm during the control of the hand prosthesis. 3) Displacement of electrodes, with consequent retraining of decoding algorithms, should be easier to address when using neural electrodes, which are fixed with encapsulation (fibrosis) tissue. Obviously, the clear disadvantage of the ENG-based approach is its intrinsic invasiveness. However, starting from the interesting preliminary results achieved in the recent past, this approach should be exploited in new and more systematic experiments to better characterize the potentials and limits of this approach.
A very important issue to be addressed is the lack of uniformed metrics and of a testing experimental paradigm in order to compare different devices and algorithms. Particular attention should be paid to define training and testing dataset for evaluation purposes. The percentage of classification should be accompanied by a clear definition of training and testing dataset and by the evaluation criteria used (e.g., percentage of correct instances, leave one out, etc.). Regarding the experimental setup, it is often difficult to understand how different grasps (which make the decoding paradigm set) are performed. It is clearly not the same to decode three different grip types when the elbow is on the table or in different positions in the 3-D space.
Several actions could be carried out in order to improve this situation.
1) There should be a universally shared dataset for the different decoding algorithms, obtained from large intraclinical research with amputees. Then, each group, which offers innovative decoding algorithms should firstly be able to obtain high performance with the dataset by using clear training/testing division (e.g., training on 20% of data, and testing on the rest, or training on the first day, and testing on the sequents [97] 
